Background: we aimed to assess whether the performance of stroke outcome models comprising simple clinical variables could be improved by the addition of more complex clinical variables and information from the first computed tomography (CT) scan. Methods: 538 consecutive acute ischaemic and haemorrhagic stroke patients were enrolled in a Stroke Outcome Study between 2001 and 2002. Independent survival (modified Rankin scale ≤2) was assessed at 6 months. Models based on clinical and radiological variables from the first assessment were developed using multivariate logistic regression analysis. Results: three models were developed (I-III). Model I included age, pre-stroke independence, arm power and a stroke severity score (area under a receiver operating characteristic curve, AUC = 0.882) but performed no better than Model II, which comprised age, pre-stroke independence, normal verbal component of the Glasgow coma score, arm power and being able to walk without assistance (AUC 0.876). Model III, including two radiological variables and clinical variables, was not statistically superior to model II (AUC 0.901, P = 0.12). Model II was externally validated in two independent datasets (AUCs of 0.773 and 0.787). Conclusion: this study demonstrates an externally validated stroke outcome prediction model using simple clinical variables. Outcome prediction was not significantly improved with CT-derived radiological variables or more complex clinical variables.
Introduction
Models that accurately predict long-term outcome early in the course of stroke, which may assist clinical management, can be used to adjust for case mix between cohorts and for stratification in randomised trials. Several models based on clinical features alone or in combination with radiological features have been described. One such model (the six simple variable [SSV] model) [1] based on easily collected clinical variables performed as well as more complex models to predict independent survival at 6 months. Variables such as ischaemic lesion volume [2] [3] [4] , the presence or extent of infarction obtained from cranial magnetic resonance imaging (MRI) [2] or computed tomography (CT) [3] [4] [5] [6] are predictors of outcome after ischaemic stroke. In most studies, neither CT-nor MRI-derived variables significantly improved the performance of models comprised only of clinical predictors [3, 4, 7, 8] . One study found that diffusion-weighted imaging (DWI) lesion volume significantly improved outcome model performance [9] , although this was not considered to be clinically significant. The SSV model has been validated in our stroke population [10] ; however, this model was developed from a sub-acute stroke population, without use of cranial imaging data [1] . In this study, we hypothesised that the performance of models comprising simple clinical variables could be improved by information from the first CT scan (e.g. presence of infarction or leukoaraiosis) or more complex clinical variables.
Methods

Study population
Patients admitted consecutively with a diagnosis of stroke from 2001 to 2002 at the Halifax Infirmary were enrolled in the Stroke Outcomes Study (SOS). Written consent for study participation was obtained from each patient or his/ her surrogate decision maker, which was approved by the Capital Health Research Ethics Board, Halifax, Nova Scotia, Canada. All patients underwent cranial imaging urgently on arrival in the emergency department. Patients were simultaneously entered into a stroke registry containing information from the first clinical assessment conducted at the time of admission by the on-call neurologist including gender, age, pre-stroke functional status, Oxfordshire Community Stroke Project (OCSP) [11] classification subtype, stroke severity score (which assesses neurological symptoms, signs and functional impairment) [12] , Glasgow Coma Score (GCS) [13] and the presence of atrial fibrillation (AF) on the ECG. The information for each patient is linked using a unique identifier. Patients were followed up by telephone interview 6 months post-stroke when functional status was assessed by an assessor trained in administering the modified Rankin scale (mRS) [14] . The main outcome measure was independent survival (good outcome defined as mRS ≤2). Patient information from the discharge summary was available at the time of follow-up.
CT scan interpretation
Images from each patient's first CT scan were digitised, given an identifier code and analysed using the Consortium for the Investigation of Vascular Impairment of Cognition (CIVIC) scale [15] . CT slice thickness was 5 mm in the posterior fossa and 10 mm in the remainder of the brain. The CIVIC scale captures details of each discrete lesion seen on the CT image and whether an infarct is acute or not, and provides an assessment of leukoaraiosis. A leukoaraiosis score of 0-6 was calculated from the sum of periventricular leukoaraiosis only (one point) or extending to the cortex (two points) for three hemispheric areas (frontal, parieto-occipital and corona radiata) [15] . CT scans were read by a neuroradiologist (DK), stroke neurologist (SP) and stroke fellow (JR). The inter-rater reliability of the CIVIC scale was examined by analysing 134 scans for agreement on 'any focal abnormality' using Fleiss' kappa [16] . Only patient age, identifier code and gender were available to the CT reader.
Predictor variables
The modelling included the following variables derived from the first medical assessment: age, gender, stroke severity score [12] , stroke subtype (either intraparenchymal haemorrhage as determined by CT or MRI, or OCSP [11] subtype for ischaemic stroke [total anterior circulation stroke {TACS}, partial anterior circulation stroke, posterior circulation stroke and lacunar stroke, or uncertain]), dysarthria, AF, history of previous transient ischaemic attack (TIA) or stroke, use of tissue plasminogen activator (tPA), time from symptom recognition to presentation (0-3, 3-6 or >6 h), stroke localisation (infratentorial, left or right hemisphere or other), stroke on waking and SSV variables (pre-stroke functional status, living alone prior to stroke, normal verbal component of the GCS, able to lift both arms off the bed and able to walk without assistance of another person). The following CIVIC scale variables were tested: any abnormality, any focal abnormality, number of focal lesions (acute and non-acute), acute infarction, acute infarction or haemorrhage, and leukoaraiosis. Thus, 16 clinical variables and six radiological variables were tested ensuring an event per variable ratio ≥10 [1] . In an additional analysis, the variable infarct volume was tested and calculated using an approximate method previously used to estimate infarct volume using DWI images [17] . The majority of these variables were binary (coded as 1 = yes, 0 = no); age, stroke severity score, leukoaraiosis and number of focal lesions were coded as continuous variables, and stroke subtype and localisation as categorical variables.
Statistical techniques for generating the models
The data are presented as mean ± standard deviation unless otherwise stated. Comparisons between groups were made using chi-square, Mann-Whitney and Student's t-test where appropriate, with significance of P < 0.05. To formulate the models to predict good outcome (mRS ≤ 2) at 6 months post-stroke, univariate analysis was performed comparing patients with and without good outcome in the (SOS) training dataset. Significant variables (P < 0.05) were subjected to multivariate logistic regression analysis. A stepwise selection procedure was applied; the probability for entry of a variable was set at 0.01 and for removal at 0.1. Three models were produced by entering either all the clinical variables, all clinical variables excluding the stroke severity score or including all the CIVIC and clinical variables. For each model, we checked the statistical assumptions of linearity (for age) [18, 19] and looked for interactions between age, sex and the other predictor variables in the model by using a pooled interaction test [18] .
Validation of models
Internal validation was completed for all three models using bootstrap techniques [20] , with re-sampling occurring 500 times. External validation of Model II was performed using the OCSP (n = 530) dataset and the Lothian Stroke Register (LSR, n = 1,330) [1] . The former was a community-based incidence study and the latter a hospital-based cohort study of stroke patients from in-patient and out-patient services. Models I and III could not be externally tested since no database containing the appropriate variables was available. Model discrimination was assessed using the area under a receiver operating characteristic (ROC) curve (AUC), computed by a non-parametric method [21] . An AUC of 1 implies perfect discrimination, whereas an AUC of 0.5 implies the model performs no better than chance. The best model was defined as the model with the largest AUC [21, 22] or, if there were no statistically significant differences in the areas, the model with the simplest variables. Calibration was assessed using calibration curves (observed vs predicted outcome among patients grouped by deciles of predicted probability of a good outcome), with a 45°line indicating perfect calibration. The confidence intervals of AUCs and the observed probability of good outcome were calculated with bootstrapping. Comparisons of the mean AUC values from different settings were conducted using analyses of variance (ANOVA). All analyses were conducted using SAS software, version 9.1 (SAS Institute Inc., Cary, NC, USA). Patients with missing data points were excluded from analyses pertaining to that variable.
Results
Of 598 patients admitted to the stroke service between 2001 and 2002, 38 refused consent, 13 had repeat admissions (second admission excluded) and nine were lost to followup, leaving a final study group of 538 patients (Table 1) . There were no significant differences in baseline clinical variables between patients who refused consent or were lost to follow-up (not shown). Moreover, 34 and 51% of patients presented within 3 and 6 h of symptom recognition, respectively. Five hundred and two (93%) patients had CT scans available for reading using the CIVIC scale, with the remainder having had an MRI only (n = 29) or CT scans from a referring hospital unavailable for analysis (n = 7). The Fleiss' kappa for the three-way inter-rater agreement on the variable 'any focal abnormality' was moderate (0.52, 95% confidence interval [CI] 0.41-0.63). Of the 502 CT scans, eight (2%) were technically inadequate, 414 were abnormal, 335 had a focal abnormality, 151 had acute infarcts (31% of adequate scans, including nine acute haemorrhagic infarcts) and 56 (11%) had acute intracerebral haemorrhages. At dis- charge and 6 months post-stroke, 36 and 42% of patients had a good outcome (mRS ≤ 2), with a mortality of 17 and 24%, respectively. Univariate analysis demonstrated several significant clinical and radiological predictors of outcome at 6 months (Table 1) .
Predictive model development and internal validation
The three models are shown in Table 2 and their ROC curves in Figure 1 .
Model I: all clinical variables
Multivariate analysis using all clinical variables produced a model containing four variables that independently predicted good outcome at 6 months: age, pre-stroke independence, being able to lift both arms off the bed and stroke severity (Model I, AUC of 0.882). Entering stroke subtype (haemorrhagic stroke or OCSP subtype) as individual binary variables, rather than as a categorical group, produced no new independently predictive variables.
Model II: all clinical variables excluding stroke severity score Stroke severity score alone had an AUC of 0.826, and as it may have made stroke subtype (which is linked to stroke severity) or some of the clinical variables redundant as predictors, multivariate analysis was performed excluding it.
This generated Model II consisting of five independent predictive variables with a similar model performance to Model I (AUC of 0.876). Modelling restricted to the subgroup of patients with ischaemic stroke (n = 468) produced identical predictor variables (AUC of 0.882, data not shown).
Model III: all clinical and CIVIC variables
Multivariate analysis performed with individual CIVIC variables entered separately in addition to all clinical variables produced models with AUCs from 0.883 to 0.888.
All of the CIVIC variables tested in this way were independent predictors of outcome. On performing multivariate analysis including all the CIVIC and clinical variables, only leukoaraiosis score and any focal abnormality remained as significant independent predictors, producing a model comprising six variables (Model III, AUC 0.901, Table 2 and Figure 1) , which was not statistically superior to Models I or II (P = 0.12, ANOVA). Infarct volume was tested in ischaemic stroke patients and was found to be a negative predictive variable of good outcome in univariate analysis (P = 0.0057), but was not an independent predictor in multivariate analysis (data not shown).
External validation of Model II
The simplest model (Model II) was externally validated with an AUC of 0.787 in the OCSP dataset and an AUC of 0.773 in the LSR dataset. The calibration curves for Model II using these two datasets showed good calibration, although it appeared to perform better in the hospital-based cohort (LSR, data not shown). 
Discussion
The main finding of this study is that Model II comprising five simple clinical variables performed as well in the original dataset as two other models that included a stroke severity score and information from the first CT scan. Model II contained five of the six variables from a previously published SSV model [1] , which has also been externally validated [10, 23] , endorsing the strength of these predictor variables. Unlike the SSV model, living alone pre-stroke was not a predictor of poor outcome at 6 months in our population.
In the SSV derivation study, living alone pre-stroke did not predict 12-month outcome post-stroke [24] . In another study [25] , having a companion at home was an independent predictor of good outcome (Barthel Index ≥50) at 1 week. Therefore, pre-stroke living arrangements may be important for short-term outcome post-stroke but is not a robust predictor of medium-to long-term outcome.
Model II was externally validated in two independent sub-acute stroke cohorts (AUC 0.773-0.787). The fivevariable Model II described here performed less well than the SSV model in the LSR cohort (AUC of 0.773 vs 0.840, respectively) [1] . However, our population included a high proportion of hyper-acute stroke patients, whereas the validation cohorts mainly comprised milder post-acute patients [1] . Resolving which model best predicts outcome will require testing in other populations.
The OCSP classification was not an independent outcome predictor in multivariate analysis despite variables such as TACS being a strong negative predictor of a good outcome (Table 1 ). This may be because the simple clinical variables account for the more predictive features of a TACS. The stroke severity score [12] alone was a strong predictor of good outcome at 6 months (AUC 0.826), but this finding could not be validated as a suitable external database was not available. Adding a stroke severity score into outcome prediction models may merely introduce unnecessary complexity. Although other stroke severity scales such as the National Institutes of Health Stroke Scale (NIHSS) have been found to be independent predictors of stroke outcome [4, 7] , models that can be used without special training may find wider application. The investigators from the Third International Stroke Trial plan to directly compare outcome models that use simple clinical variables with those based on the NIHSS [23] . As yet, clinical stroke outcome models are not accurate enough to reliably predict outcome after stroke. This would require further testing to demonstrate if they were better than clinical judgment. Currently, they are best applied for case-mix adjustment between cohorts and for stratification in randomised trials.
In common with several prior studies using CT and MRI [4, 7, 8] , we found that radiological variables from the initial brain scan did not significantly improve the performance of outcome models derived from clinical variables. This suggests that detailed acute radiological data add little predictive information once the diagnosis of stroke is established, although cranial imaging helps exclude some stroke mimics. However, our study may have lacked power to detect statistically significant differences in models with the addition of CT data. Further, we detected acute infarction in less than one-third of CT scans, probably because our study population included both ischaemic and haemorrhagic strokes, and because 51% of the patients presented within 6 h of symptom recognition and were urgently scanned before ischaemic changes were apparent. The inter-rater reliability between three raters in this study was moderate (kappa 0.52), in keeping with the inter-observer agreement (kappa 0.14-0.78) for the detection of 'any early CT sign' of ischaemia reported in a recent systematic review [26] . Had the CT scans only been read by a neuroradiologist, detection of early ischaemic changes may have been improved. However, this would not reflect routine clinical practice where CT brain scans are not always interpreted by a neuroradiologist acutely. Leukoaraiosis was found to be an independent predictor of poor outcome, perhaps reflecting the development of post-stroke dementia [27] . Further, leukoaraiosis volume at the time of acute ischaemic stroke is a predictor of infarct growth [28] , which may predict poor outcome.
Our study has some limitations. Some variables known to be associated with outcome after stroke [29] (e.g. glucose) were not collected. This study was conducted in a tertiary referral stroke centre and may not be representative of all stroke patients. The definition of the best model (see 'Methods') in this study favoured Model II. One disadvantage of this study is the lack of suitable datasets to externally validate Models I and III. These models could have superior external validation than Model II. Advantages of this study are the small number of patients lost to follow-up, high consent rate and it is one of a few studies to externally validate a stroke outcome model. This study describes an externally validated stroke outcome prediction model based on five simple clinical variables that is adequate for case-mix adjustment and for stratifying patients in randomised trials. Following a clinical diagnosis of stroke, it is difficult to improve on outcome prediction models based on simple clinical variables, either with more complex clinical variables or radiological data. Statistical models are not yet precise enough to reliably predict outcome for each individual patient.
Key points
• Simple clinical variables are the best predictors of stroke outcome.
• CT-derived radiological data are predictive of outcome but add no significant improvement to outcome model performance.
• This study describes an outcome prediction model that is externally validated.
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